In complex systems, a critical transition is a shift in a system's dynamical regime from its current state to a strongly contrasting state as external conditions move beyond a tipping point. These transitions are often preceded by characteristic early warning signals such as increased system variability. However, early warning signals in complex, coupled human-environment systems (HESs) remain little studied. Here, we compare critical transitions and their early warning signals in a coupled HES model to an equivalent environment model uncoupled from the human system. We parameterize the HES model, using social and ecological data from old-growth forests in Oregon. We find that the coupled HES exhibits a richer variety of dynamics and regime shifts than the uncoupled environment system. Moreover, the early warning signals in the coupled HES can be ambiguous, heralding either an era of ecosystem conservationism or collapse of both forest ecosystems and conservationism. The presence of human feedback in the coupled HES can also mitigate the early warning signal, making it more difficult to detect the oncoming regime shift. We furthermore show how the coupled HES can be "doomed to criticality": Strategic human interactions cause the system to remain perpetually in the vicinity of a collapse threshold, as humans become complacent when the resource seems protected but respond rapidly when it is under immediate threat. We conclude that the opportunities, benefits, and challenges of modeling regime shifts and early warning signals in coupled HESs merit further research.
I
n a coupled human-environment system (HES), a human system influences an environment system that in turn influences the human system (1) . Other terms such as "coupled human-andnatural systems" and "socio-ecological systems" have been used to describe similar phenomena (2, 3) . As the influence of humans on their environment continues to grow, so have the resulting impacts of the environment on humans, along with our awareness of those impacts and our efforts to mitigate them. Coupled HESs are therefore ubiquitous and occur in agriculture, water use, terrestrial and aquatic systems, the global climate system, and elsewhere (1, (4) (5) (6) (7) (8) (9) (10) .
In forest systems, the relationship between public opinion and forest conservation often exemplifies coupled HES dynamics. Historically, significant declines in forest cover have often stimulated the perception of a resource crisis in the public, who have responded with public debate and pressure for governments to enact conservation measures, in turn resulting in increased forest cover. This has been noted through surveys, observational studies, and historical accounts in various countries over the past two centuries (11) (12) (13) (14) (15) (16) . Whereas the connection between public opinion and deforestation is complicated by other issues such as science communication, special-interest lobbies (17) , and agro-economic drivers for forest transitions, the long history of forest conservation suggests a common trend by which declining forest cover can stimulate public demand for conservation and thereby reverse forest decline.
Regime Shifts in Coupled Human-Environment Systems. Human and environment systems are often characterized by nonlinear interactions, even in isolation from one another (18) . Coupling between and human and environment systems often introduces further nonlinearities. Thus, studying systems of differential equations where interactions between state variables are governed by nonlinear mechanisms is particularly well suited to describing coupled HESs (1) . Nonlinear dynamical systems can exhibit regime shifts where the system is shifted from one stable equilibrium to another (19, 20) . When the state of the system shifts abruptly to a qualitatively contrasting state in the neighborhood of a bifurcation point, it is called a critical transition and the corresponding bifurcation point is called a tipping point (19, 20) .
Regime shifts have been studied in diverse natural systems such as lakes, epilepsy, and the global climate system ((21) . The transition from healthy to collapsed forest can likewise be understood as a regime shift (22) . Regime shifts in forest ecosystems have been identified as an important research priority in the climate change era (23, 24) . A significant body of work also evaluates the collapse of human societies driven by regime shifts in natural systems, for instance the resilience of prehistoric human populations to regime shifts in the global climate (25) . The environment influences human populations in this system, but it is not a fully coupled HES because the flow of influence from prehistoric humans back to the global climate was comparatively weak in the prehistoric era.
However, fully coupled HESs also appear to exhibit regime shifts in empirical study systems. Research has explored how interactions between land use and vegetation dynamics in Iceland caused regime shifts and hysteresis (26) , how humans mitigate or prevent human-induced fisheries collapse (4), and how human-caused deforestation may have precipitated the collapse of the prehistoric Easter Island civilization (27) . In infectious diseases, coupled HES dynamics are exemplified by the 2014-2015 Disneyland, California measles outbreak, where vaccine refusal caused the measles outbreak, which in turn stimulated a recovery of vaccine uptake (28) .
Regime shifts in theoretical models of coupled HESs are also receiving growing attention (29) . Hysteresis and critical PAPER ECOLOGY SUSTAINABILITY SCIENCE transitions have been observed in coupled HESs on networks (30) . Complex community structure in coupled HESs can create multiple small regime shifts instead of a single large one (31) . Coupled behavior-disease dynamics can exhibit regime shifts too, where vaccine coverage suddenly plummets when a critical threshold in perceived vaccine risk is exceeded (32) .
Human feedback in a coupled HES can be fundamental to shaping regime shifts in environmental systems. In particular, regime shifts corresponding to a breakdown in cooperation and collapse of a harvested resource may occur in a coupled HES, but not in the corresponding ecological system in the absence of human behavior (33) . Because of nonlinear feedback, resource collapse can be caused by surprising and counterintuitive changes, such as an increase in the resource inflow rate (33) . Thus, failing to account for human feedback can underestimate the potential for regime shifts in ecological systems (33) .
The concept of resilience is inseparable from a discussion of coupled HESs (5, 34) . A desirable resilient state for a coupled HES is one where both ecological function and human wellbeing are sustained. "Resilience" has been used in various ways in the HES literature (34, 35) . For instance, with respect to regime shifts, a system can be described as resilient when it is far away from undesirable tipping points. Some previous research is concerned with interventions to help avoid undesirable regime shifts in coupled HESs, so that ecological collapse is avoided while also ensuring that humans can derive sustenance from the resource (36) . Theoretical models have illustrated how sufficiently effective institutions can keep a coupled HES away from tipping points (37, 38) . Furthermore, characteristics such as demographic stochasticity and spatial heterogeneity can make regime shifts smoother and thus easier to avoid or possibly even reverse, in the early stages of transition before the point of no return is reached (39, 40) . A distinct but related definition of resilience is when small perturbations do not move the system far from its equilibrium state (2, 34) . This corresponds closely with the concept of local stability of an equilibrium in a dynamical system (18) and is the sense in which we use resilience in this paper.
Early Warning Signals. A coupled HES that is close to a tipping point is generally far less resilient to perturbations. As a tipping point is approached, the resilience of the system decreases: When the system is perturbed, it takes longer for the system to recover to its stable equilibrium (21) . This property means that regime shifts often exhibit characteristic early warning signals (21) . A physical model of a basketball on a seesaw is helpful for understanding early warning signals (Fig. 1) . The tipping point is when the seesaw is in a perfectly horizontal position with the basketball on the vertex, because the basketball could easily roll left or right according to a tiny perturbation left or right (Fig.  1A) . Close to the tipping point, the basketball is easy to perturb back and forth due to the relative flatness of the surface, so its dynamics are more variable (resilience is low). However, when the basketball is far away from the tipping point in a tight valley on the left-or right-hand side of the seesaw (Fig. 1B) , it is relatively difficult to perturb and therefore the basketball's motion is not highly variable (resilience is high).
There are two ways the basketball can move to a different position on the seesaw. A very large push might move it past the vertex, causing the seesaw to tip toward the other side as the basketball shifts to the alternate position (this is like forcing a model's state variable). In this case, the seesaw has two stable alternative stable states when the basketball is in one of the two valleys, and it also has an unstable state at the tipping point. Or someone can physically tilt the seesaw past the tipping point, causing the basketball to shift to the alternate side (this is like changing a model parameter).
Decreased resilience before a regime shift can manifest through effects such as critical slowing down-increasing vari- ance and autocorrelation of a time series at lag 1 (21, 41, 42) . Or the system may "flicker" between the basins of attraction of alternative stable states (43) . Early warning signals have been widely studied in uncoupled systems such as lakes and climate systems, where their study goes hand in hand with study of regime shifts (21, 42) . Early warning signals are also observed in natural systems subject to human stressors, such as in ecosystems service indicators in eastern China due to economic development (44) . Early warning signals are thought to be common to a broad range of dynamical systems because they depend on common features of dynamics (45) . However, researchers are investigating how these signals may depart from the expected pattern or fail to manifest (46) (47) (48) . Regime shifts can occur without warning in a broad class of ecological models (46) , or variance may decrease instead of increasing near a regime shift (47) . Thus, system-specific models still need to be studied (48) .
In recent years, researchers have also begun to study early warning signals in coupled HES models. These often exhibit the same early warning signals as seen in many ecological systems, such as critical slowing down (31, 33, 49, 50) or transitional regimes (51) . Early warning signals have been observed in coupled HES models of harvesting with resource dynamics (51), common pool dilemmas on complex networks (31) , instabilities in socio-ecological networks (49) , and common pool problems in populations with social ostracism directed against overharvesters (33, 50). Researchers have concluded that early warning signals may be useful for anticipating regime shifts in coupled HESs, although further study is required because many of the same caveats that limit their application to uncoupled systems also apply to coupled HESs (31, 33, (49) (50) (51) .
Objective and Rationale. Our objective is to study early warning signals for regime shifts in a simple coupled HES model. In Environment Dynamics Model we show how a simple ecological model representing harvesting through a fixed parameter tells a common story about regime shifts in ecological systems: Critical slowing down precedes a catastrophic regime shift where the system collapses. In Social Dynamics Model we present a model for human social dynamics including injunctive social norms and social learning in isolation from an environment subsystem.
In Coupled Human-Environment System Model we couple the two subsystems. We analyze its regime shifts, showing that the coupled HES has a wider variety of dynamical regimes than either human or environment subsystem in isolation from the other. We analyze its early warning signals. The coupled HES model shows that not only can the potential for regime shifts be underestimated if human feedback is not included (33) , but also the qualitative nature of the regime shifts can be misread. The same early warning signal may equally well herald an impending environmental catastrophe or a shift to environmental sustainability, depending on the model parameters. We also show how human feedback partially mutes the early warning signal observed in either subsystem, making the regime shift harder to predict. Finally, we explore a variant of the HES model that makes the cost parameter of the coupled HES depend on the environmental state. The result is a system that can be doomed to linger perpetually in the neighborhood of the tipping point, due to adaptive human behavior. We conclude with a discussion.
Building on recent research in modeling coupled HESs (33, 50-53), we developed a relatively simple model because our goal was to gain intuition and illustrate concepts with clarity (54) . Despite this, the model incorporates important features of the coupled dynamics of forests and conservation opinions such as social learning, injunctive social norms, economic costs, resource dynamics, and the inverse relationship between forest cover and public support for conservation noted earlier in the Introduction (11) (12) (13) (14) (15) . In Discussion we address model limitations and speculate on the implications of relaxing our simplifying assumptions in future work.
Environment Dynamics Model
We model a stylized forest ecosystem where the proportion of forest cover F grows logistically to its carrying capacity (rescaled to F = 1) but is also harvested,
where R is the net growth rate, h is the harvesting efficiency, and s controls the per capita demand for forestry products. This is a classic resource overharvesting model (55) . The harvesting rate per unit area is h/(F + s), where the inverse dependence on F arises because the per unit area demand for forestry products is assumed to increase as the supply F declines. Human behavior is described by fixed parameters h and s, and therefore this is not a coupled HES. The three model equilibria correspond to no forest cover, stable forest cover, and unstable forest cover (SI Appendix, section S1). This model exhibits a regime shift typical of many ecological models. Regime shifts are best understood through bifurcation diagrams, which visualize a system's equilibria and how their relationships change as a model parameter is varied (18) . A bifurcation occurs when the stability of an equilibrium state changes, often due to "collision" with another equilibrium. In a bifurcation diagram of forest cover F vs. harvesting efficiency h, we observe that when h is low, forest persists in a stable state F > 0 (Fig. 2A) . Now, we imagine that h increases slowly over time, as might occur due to technological progress (Fig.  2B ). When h is large enough a tipping point is encountered at hcrit = R(1 + s)
2 /4 and a regime shift occurs: The stable state of high forest cover collides with the unstable state and only the stable state of forest collapse remains (F = 0) ( Fig. 2 A and B) . This type of tipping point is called a fold bifurcation, corresponding to the collision and annihilation of the stable and unstable equilibria at hcrit .
The forest collapse is visualized in a plot of forest cover F vs. time t, showing the gradual decline of forest as h increases, followed by its sudden collapse as h exceeds hcrit ( Fig. 2C ; see SI Appendix, section S3 regarding generation of stochastic dynamics). However, the system exhibits early warning signals before collapsing: The residual standard deviation-a measure of system variability-increases as the fold bifurcation is approached, in a pattern that is typical of early warning signals of regime shifts (Fig. 2D) . The lag-1 autocorrelation also increases but the trend is weaker for these parameter settings and noise assumptions; therefore we use the residual SD throughout this paper. 
Social Dynamics Model
To describe social dynamics we invoke the imitation dynamic of evolutionary game theory, capturing how humans tend to imitate successful strategies (32, 33, 56, 57) . Each individual in the population adopts one of two opinions. Each opinion is associated with a "utility" that quantifies how strongly that opinion is preferred (58) . Each individual samples other individuals in the population at a fixed rate. If the sampled person has the opposite position and is receiving a higher utility, the individual switches to the sampled person's opinion with a probability proportional to the expected gain in utility.
Suppose that x is the proportion of the population adopting opinion A (e.g., "conservationists"), whereas a proportion 1 − x adopts opinion B (e.g., "nonconservationists"). x can increase by individuals switching from B to A or decrease by individuals switching from A to B . A B individual sampling at rate k encounters A individuals with frequency xk and finds the utility gain for switching positions is ∆U ≡ UA − UB , where UB (respectively, UA) is the utility associated with holding position B (respectively, A). Because there are 1 − x B individuals in the population, the total rate at which individuals switch from B to
By similar reasoning, the total rate at which individuals switch from A to B is
Hence, the total rate of change in x is given by
where κ ≡ 2k . This simple system has two equilibria: Opinion A dominates the population if ∆U > 0, and B dominates if ∆U < 0. We note that Eq. 2 is formally identical to the replicator equation of evolutionary game theory (59).
Coupled Human-Environment System Model
In the study of early warning signals in uncoupled systems, parameters like the harvesting efficiency h in Eq. 1 are treated as constantly and gradually increasing in time (Fig. 2B) . In a coupled HES the harvesting rate is a function of a human state variable like x , necessitating a change to the hF /(F + s) term in Eq. 1. Similarly, in an uncoupled human population, as in classical treatments of strategic interactions like the prisoner's dilemma, ∆U is a fixed parameter, but in a coupled HES, ∆U depends on F . We combine Eqs. 1 and 2 to create a simple coupled-HES model. Socio-ecological feedbacks are known to slow down deforestation, and socio-economic factors can assist in reforestation (11) (12) (13) (14) (15) (16) . Therefore, we adopt a form for ∆U such that the utility for deforestation decreases when forest cover F becomes too low, thereby causing more of the population to adopt a conservationist opinion. Similarly, we assume that the harvesting rate is lower when the proportion of the population adopting a conservationist opinion, x , is higher,
Here, d is the strength of injunctive social norms that tend to move individuals toward the opinion currently adopted by the majority of the population, w is the cost of conservation (including both pecuniary costs and nonpecuniary costs such as time costs), h is the harvesting efficiency, and c (the "rarity valuation parameter") controls how proportion of forest cover influences the utility of conserving forests. When F is small, 1/(F +c) becomes large, thus incentivizing forest conservation. c controls the steepness of this relationship, especially when F is close to 0. Harvesting ceases completely at x = 1, as might occur for a critically endangered ecosystem in a protected area. We note that other assumptions could be made, such as harvesting continues at x = 1 but is restricted to sustainable levels (33) or harvesting ceases as soon as x > 0.5 to model majority voting in a democracy. Note that the harvesting rate is now h(1−x )/(F +s) instead of h/(F +s). This model has seven equilibria, in comparison with two for the human submodel and three for the environment submodel (see SI Appendix, section S2 for equilibria and stability analysis).
Similar models have been used in both coupled HESs (33, 50, 53, 60, 61) and human-epidemiological systems (32, 57, 62) . Many previous models have been formulated at the level of the population doing the harvesting, where individuals have the choice to ostracize other harvesters who overharvest the shared resource (33, 50) . In contrast, we interpret our model at the level of the general public removed from direct harvesting activity, so injunctive social norms d represent processes whereby individuals tend to conform to a majority opinion, rather than being a penalty associated with overharvesting per se. At the timescale of interest for this model we are not accounting for preexisting institutions of social or environmental dynamics (except for injunctive social norms), but rather we consider institutions such as laws to be the outcomes of the social processes represented by the model. We fitted the model to data on old growth forest cover in the Pacific Northwest United States (63) and longitudinal data on forest conservation opinions in Oregon (15) to demonstrate how the model can describe human-environment dynamics on relevant timescales (see Table 1 for best-fitting parameter values and SI Appendix, section S3 and Fig. S1 for fitting methodology and best-fitting model time series).
Richer Dynamics. For certain parameter values, the coupled HES model exhibits outcomes similar to those of the uncoupled model. For instance, when the conservation cost is sufficiently high (w = 1.5) and social norms are sufficiently strong (d = 0.2), the forest collapses as harvesting efficiency h increases (Fig. 3A) because the cost of conservation is too high and injunctive social norms prevent conservationism from establishing itself in the population (x = 0, Fig. 3B ). However, this resemblance to the uncoupled model does not hold in general. Although harvesting is certainly the proximate cause of collapse, from the coupled HES perspective harvesting is simply the end result of larger social, economic, technological, and ecological factors. For instance, a very different outcome occurs if the conservation cost is smaller (w = 1) and social norms are weaker (d = 0.1): As the harvesting efficiency increases beyond a tipping point, humans respond to declining forests by an increase in conservationism (x > 0 becomes stable, Fig. 3D ). This in turn allows moderate forest cover to be maintained despite higher harvesting efficiency (F > 0 becomes stable, Fig. 3C ). In contrast to the uncoupled system, the human population in the coupled system responds to the threat of forest collapse due to higher harvesting efficiency by limiting the harvesting rate, thus allowing forests to persist instead of collapse. Mathematically, the harvesting rate is given by h(1 − x ) and so when x increases sufficiently quickly, harvesting can be limited despite high values of h.
As this example illustrates, the coupled HES exhibits a richer variety of possible dynamics than the uncoupled system. Outcomes such as collapse can depend on complex interactions between model parameters. This rich variety can be appreciated through bifurcation diagrams involving other model parameters. For instance, as the conservation cost w increases, the state of maximal forest cover and full conservationism, (F , x ) = (1, 1), can destabilize through a regime shift (SI Appendix, Fig. S2 A  and B) . Beyond this bifurcation point, the system enters a regime of stable oscillations in forest cover and public opinion. As F decreases, public opinion shifts in favor of conservationism, which catalyzes a rebound in F . This, in turn, causes a decline in conservationism and the cycle continues. The same bifurcation diagram entails a stable interior equilibrium where both F and x are nonzero and stable, but this equilibrium exists only for Table 1 . See SI Appendix, section S3 for methodology.
a limited range of w and is easily lost through a Hopf or fold bifurcation. These outcomes are reflected in local stability analysis: The (F , x ) = (1, 1) equilibrium is locally asymptotically stable when d + 1/(1 + c) > w , suggesting that sufficiently high conservation cost, weak social norms, or large values of the rarity valuation parameter can destabilize high forest cover and conservationism (SI Appendix, section S2). Interestingly, h does not appear in this inequality. We note that the bifurcation diagrams for F and x mirror one another very closely at these parameter values. We also note that many other types of coupled systems that are not HESs also exhibit richer dynamics than their uncoupled counterparts (64) .
Increasing the strength of injunctive social norms, d , tends to push the population to the boundaries of no conservationism, x = 0, or full conservationism, x = 1, depending on initial conditions and environmental parameters. For instance, at parameters that favor conservationism, increasing the strength of social norms destabilizes the interior equilibrium through a fold bifurcation, causing a regime shift to a state of maximal forest cover and conservationism, (F , x ) = (1, 1) (SI Appendix, Fig. S2 C and  D) . The corresponding catastrophic equilibrium (F , x ) = (0, 0) is never stable at these parameter values. At higher values of h, this fold bifurcation moves upward and disappears, being replaced by a transcritical bifurcation connecting the stable interior branch to the stable boundary branch (SI Appendix, Fig. S2 E and  F) . Hence, the population transitions smoothly to the desirable (1, 1) state as d increases, rather than going through a critical transition. Other regions of parameter space with very high harvesting efficiency (h = 0.06/yr ) show a severe critical transition from full conservationism (1, 1) to no conservationism (0, 0) as the conservation cost increases beyond w = 1.15.
These rich dynamics are also illustrated in the system's temporal evolution. We generated time series of F and x for initial conditions common to many coupled forest-human systems over the past few centuries: high initial forest cover and low initial prevalence of conservationists. We observe that low levels of harvesting efficiency (h = 0.04/y) only moderately impact forest cover (F ≈ 0.5) and thus fail to stimulate a social response to protect forests (x ≈ 0, Fig. 4 A and B) . However, higher levels of harvesting efficiency (h = 0.15/y) cause a dramatic decline in forest cover, which in turn stimulates a surge in conservationism that subsequently restores forest cover (Fig. 4 A and B) . Paradoxically, the long-term forest cover is higher when the harvesting efficiency is larger (despite oscillations), due to the social response. This result is confirmed in a longer time series (SI Appendix, Fig. S3) . Table 1 . See SI Appendix, section S3 for methodology.
At other parameter values, the effect of social norms is again apparent. When the system starts from a state of high initial forest cover and low initial proportion of conservationists, the high initial forest cover permits a decline in conservationism, which causes a decline in forest (Fig. 4 C and D) . When social norms are relatively weak (d = 0.3), it is possible for the population to evolve from a state of low conservationism to high conservationism, thereby conserving the forests. However, when social norms are stronger (d = 0.9) and the initial prevalence of conservationists is not high enough (x (0) 0.63), the population becomes trapped in a state of suppressed conservationism in perpetuity after x becomes small during the first few decades. As a result, forest cover also remains low over the long term. This is confirmed in a longer time series (SI Appendix, Fig. S3 ). We also note that if conservation initially starts off higher (x (0) 0.63), then high levels of conservationism can be sustained, again due to social norms.
Ambiguous and Muted Early Warning Signals. The wider variety of possible outcomes for a coupled HES in comparison with the corresponding uncoupled system has implications for how we interpret early warning signals in the coupled HES. In particular, it makes it more difficult to interpret which regime the system will converge to after early warning signals are detected. This requires that we refine our early warning signal methodologies (50) and/or improve our understanding of the underlying dynamical model.
For instance, as the bifurcation point corresponding to forest collapse in the coupled HES model is approached ("collapse scenario," Fig. 3 A and B) , we observe the usual increase in the SD of the residual time series for F , corresponding to an early warning signal (Fig. 5 A and B ; blue line shows bifurcation point for collapse scenario). However, if the bifurcation point corresponding to the blossoming of forest conservationism is approached instead ("conservation scenario," Fig. 3 C and D) , the increase in the SD of the residual time series is virtually the same-both qualitatively and quantitatively-to the collapse scenario, both leading up to and beyond the earlier bifurcation point of the conservation scenario (Fig. 5 C and D ; red line shows bifurcation point for conservation scenario). Hence, an observer of the coupled HES in the years leading up to the point where the collapse and conservation scenarios diverge (the red line) would have no way of telling whether the early warning signal is heralding forest collapse or an era of forest conservation. Results are similar for x ( SI Appendix, Fig. S4 ). This outcome is perhaps not surprising, because indicators are generic for typical local bifurcations (45) . The problem becomes figuring out what regime shift the indicator is predicting. At the same time, these results do not rule out the possibility that other systems or other indicators might yield detectable differences between collapse and conservation scenarios (50) .
In the uncoupled system a similar story unfolds but with an important difference (Fig. 5 E and F; black line shows bifurcation). The variability of the F residual time series increases before collapse in a qualitatively similar way to that of the coupled model, which again makes it difficult to determine what kind of regime shift is coming. However, the SD increases much more as the bifurcation point is approached in the uncoupled system. We hypothesize that this difference occurs because of "muting": Human behavioral feedback helps mitigate the variability in forest cover in the coupled system because dips in forest cover stimulate an increase in conservationist opinion and thus forest conservation ( Eqs. 3 and 4) . This results in a lower SD for F . In contrast, the uncoupled system lacks this mitigating feedback and therefore the variability of F close to the bifurcation point is higher.
To further explore muting we compared the eigenvalues of equilibria in the coupled and uncoupled models. If muting Other parameter values are in Table 1 , except h increases incrementally each year from 0.03/y to 0.055/y over a simulated time span. See SI Appendix for methodology.
explains the observed differences, the eigenvalues in the coupled model should be larger and more negative than the eigenvalue of the corresponding equilibrium of the uncoupled model, leading to a more strongly attracting equilibrium in the coupled model and therefore a reduced variance of the stochastic trajectory near the equilibrium. In probabilistic sensitivity analysis of parameter values close to the bifurcation points in Fig. 5 , as well as near (1, 1) in the coupled system, we found this was indeed the case (SI Appendix, section S4). In summary, human feedback in the coupled HES partially mutes the early warning signal, making the increase in variance before a regime shift smaller than it would be in the corresponding uncoupled system. Whereas this effect could make it harder to detect regime shifts in environmental systems under human influence, it may also help provide a way to distinguish early warning signals for collapse vs. conservation in coupled HESs, if the difference between muting in the two scenarios can be characterized.
Self-Evolved Criticality. Our approach replaces a simple driver to represent human influence in the uncoupled system-the harvesting efficiency h-by a more complex driver in the coupled HES-the realized harvesting rate h(1 − x ). In research on early warning signals, it is often assumed that the system is moved past a tipping point by a simple driving factor. For Eq. 1 this was done by increasing h every year y according to hy+1 = hy + , where is small (Fig. 2B) . However, it can be argued that some parameters of the coupled HES model should not be fixed. For instance, the cost of conservation w arguably should depend on F , because it will cost more to conserve forests when they are abundant. Among other reasons, the opportunity cost of conservation should increase as F increases, because land devoted to forest conservation cannot be used for other purposes like agriculture.
Similar to earlier research on modeling media influence in an epidemic model by making the transmission rate parameter depend on the prevalence of infection (65), we consider an extended model where the conservation cost changes with forest cover according to wy+1 = wy + b(F − a), where b and a are new parameters. We compare dynamics for this "extended model" with w = w (F ) to our original "baseline model" Eqs. 3 and 4, where wy+1 = wy + .
In a simulation experiment we initialize the population on the stable equilibrium of maximal forest cover and conservationism, (1, 1) . In the baseline model, the population is pushed past the critical point wcrit = 0.925 as usual (Fig. 6A) . As a result, both forest cover and conservationism collapse due to higher conservation costs before recovering and entering a regime of longterm oscillations of extreme amplitude (Fig. 6C) . The residual SD increases before the regime shift, providing an early warning signal (Fig. 6E) .
In contrast, in the extended model, the conservation cost w (F ) grows steadily as long as F remains large. But as the system approaches the brink of collapse and fluctuations in F increase, the conservation cost drops, causing the system to pull back from the bifurcation point (Fig. 6B) . However, the feedback of F upon w is not sufficient to prevent deforestation for all time. Instead, the system exhibits sporadic outbreaks of deforestation and anticonservationism where forest cover drops to very low levels before feedback restores it (Fig. 6D ). This result is caused by adaptive, strategic human behavior: When forest cover is too high, conservationism is not sufficiently attractive and humans become complacent, allowing forest cover to decline. When forests become threatened once again by overharvesting, conservationism becomes attractive again and F recovers. In this way, the extended model is doomed to criticality such that the system lingers perpetually around the tipping point wcrit = 0.925. The same behavior is observed in the x variable (SI Appendix, Fig. S5 ).
These explosive outbreaks of deforestation resemble outbreaks of virulent pathogens that have been observed in spatially extended epidemiological models, where this dynamical behavior was called self-evolved criticality (SEC) (66) . Moreover, the frequency distribution of deforestation outbreak sizes in the extended model obeys a power law, as observed in other sys- tems exhibiting SEC (SI Appendix, Fig. S6 ). We speculate that SEC may be common in coupled HESs. Under some conditions, free riding should cause a coupled HES to move closer to the tipping point so that it perpetually flirts with resource collapse, despite the fact that such behavior is not socially (Pareto) optimal. We note that dynamics will differ at other values of a. For instance, a = 1 ensures that wy always declines and thus generate stable forest cover. We also note that other parameters like c and h could be made to depend on F and thus might also generate SEC. In the extended model we also observe an increase in the SD of the residual time series before the bifurcation, similar to that observed in the baseline model except that the increase does not correspond to a qualitatively different regime (Fig. 6F) . Finally, we note that w could instead depend on F through a differential equation like dw /dt = b(F − a). This might yield limit cycles in a 3D dynamical system, instead of explosive outbreaks of deforestation in the 2D system.
Discussion
In this paper we showed how a coupled HES can exhibit a richer variety of dynamical regimes than the corresponding uncoupled system. Thus, early warning signals can be ambiguous because they may herald either collapse or conservation. We also found that human feedback can partially mute the early warning signal of a regime shift or cause the system to evolve toward and perpetually remain close to a tipping point.
An argument in favor of using critical slowing down as an early warning signal is that it relies upon a common feature of many bifurcations: The eigenvalue of the linearized Jacobean at the equilibrium goes to zero, causing a loss of resilience (45) . For coupled HESs, this universality is a double-edged sword because both collapse and conservation regimes may be indicated. This necessitates understanding the underlying dynamical model to properly interpret indicators (48) .The process of adding a model variable for human behavior and subsequently making conservation cost depend on forest cover raises the broader question of how many variables are necessary and what should be a state variable vs. what should be a fixed parameter. On longer timescales, many parameters of a coupled HES model could arguably be converted to state variables, because they will likely vary over time in response to other variables. Here, we illustrated how making the parameter w depend on F caused self-evolved criticality (66) . Strategic, adaptive human behavior means the population supports just enough conservation to "get by," causing the system to flirt repeatedly with an undesirable regime shift.
We made simplifying assumptions that could be relaxed in future work. Other processes can also influence the relationship between public opinion and forest cover. For instance, forest transitions can also be caused simply by rising crop yields requiring less clearing of forested areas (67) . Our model does not explicitly capture the influence of institutions such as large organizations that can significantly influence dynamics in ways that merit mechanistic modeling (17) .
Future research could also develop sophisticated methods for distinguishing whether an early warning signal heralds collapse or conservation or study the impact of social and spatial heterogeneity, both of which can alter dynamics in a wide variety of systems (68) . Populations do not converge uniformly to perfect conservationism or anticonservationism, but rather form pockets of locally homogeneous opinions (69) . This population structure has implications for how early warning signals are manifested. Turning to social media to obtain data on the human component of coupled HESs should also be valuable. Already, social media data are proving fruitful in the analysis of many social systems where natural dynamics are relevant (70) (71) (72) .
In conclusion, more thought is required regarding the role of adaptive human feedback when we evaluate early warning signals for regime shifts in ecosystems, because the presence of human feedback can qualitatively change outcomes. Although the challenges in modeling coupled human-environment systems are considerable, the stakes are correspondingly high. It may be possible to meet these challenges in the coming years through new data sources and greater interdisciplinary interactions in research on human-environment systems.
